Abstract-This paper presents a position tracking technique based on multisensor data fusion for rollators helping elderly people to move safely in large indoor spaces such as public buildings, shopping malls or airports. The proposed technique has been developed within the FP7 project DALi, and relies on an extended Kalman filter processing data from dead-reckoning sen sors (i.e. encoders and gyroscopes), a short-range radio frequency identification (RFID) system and a front Kinect camera. As known, position tracking based on dead-reckoning sensors only is intrinsically affected by growing uncertainty. In order to keep such uncertainty within wanted boundaries, the position values are occasionally updated using a coarse-grained grid of low-cost passive RFID tags with known coordinates in a given map-based reference frame. Unfortunately, RFID tag detection does not provide any information about the orientation of the rollator.
I. INTRODUCTION
To day's robots are no longer (and not only) the stiff and dangerous machines used in factory automation throughout the last decades. They have evolved into intelligent and flexible agents that interact closely with their users, improve their quality of life and do not pose significant safety threats. A perfect application arena for this technology is the so called Ambient Assisted Living (AAL). In the portfolio of the technological solutions for AAL, robotic assistants play already an important role and many researchers believe that this is expected to grow further. DALi is a research project with the aim of developing a cognitive walker (called c Walker) assisting elderly people with deambulation problems to navigate in complex environment, such as shopping malls, airports or stations that they could perceive as intimidating [1] .
The DALi project has offered a practical motivation to the work presented in this paper. The problem can be shortly 978-1-4799-4043-1/13/$3l.00 ©20l3 IEEE summarized in the following terms: in order to assist users in their activities in a large and partially structured environment, a robotic assistant requires real-time position tracking. This problem can be hardly solved with conventional GPS receivers, because the GPS signals are generally too weak to be detected indoors and, in any case, GPS positioning accuracy is not sufficient for the considered application. What we need is instead an accurate local positioning system (LPS) (i.e. with accuracy better than one meter) at an affordable cost.
The importance of indoor localization in several application areas has stimulated considerable research efforts in the last few years. Localization techniques can be roughly classified in two groups, i.e. relative and absolute localization methods. In relative localization methods, the distance of a device from an initial position is measured using dead-reckoning sensors such as encoders, gyroscopes and accelerometers [2] , [3] . An inevitable problem of such techniques is the accumulation of the measurement uncertainty contributions. As a result, the estimation errors tend to grow indefinitely, thus mak ing measured position values useless after some time. This problem can be avoided if absolute localization methods are used. In fact, these techniques leverage external devices or landmarks deployed in the environment in known positions, which are detected by sensing systems such as cameras [4] , ultra-sound sensors [5] or laser scanners [6] . Well-known wireless solutions for localization are based on triangulation from fixed anchors and rely on: radio signal strength intensity (RSSI) measurements [7] , [8] , [9] time-of-flight (ToF) or time-of-arrival (ToA) measurements of Radio Frequency (RF) signals [lO] , [11] or a combination thereof [12] . Another pos sibility for absolute localization is the use of short-range Radio Frequency Identification (RFID) systems, which have the key advantage of being less affected by the level of crowdedness of the environment. A survey on wireless systems for indoor localization (including networks of passive and active RFIDs) can be found in [13] . Active RFID-based solutions require a smaller number of tags in the environment [14] , [15] . However, passive RFIDs are much cheaper and do not need any mainte nance (e.g. battery replacement). Therefore, they are preferable for localization in large environments. In [16] passive RFID tags are buried in carpets. Another trigonometric algorithm for indoor localization of mobile robots based on passive RFID tags has been proposed by Park et al. [17] . An important drawback of localization based on RFID technologies is that at least one tag within the range of the reader has to be found at each sampling time. As a result, a very large number of tags can be needed for position tracking, which could not be economically profitable in large environments. Kulyoukin et al. [18] propose to reduce the number of tags by using RFID mats. This solution is viable in corridors, but not in large rooms without obstacles or forced paths. For all the reasons above, position tracking performance can be improved if relative and absolute localization techniques are combined together, e.g. using multi-sensor data fusion algorithms [19] . In [20] a Bayesian estimation algorithm fuses various data received from GPS, range sensors, inertial and magnetic sensors and a barometer. A method for fusing data from inertial sensors and data received from a wireless camera is described in [21] . Choi et. al. propose to solve the position tracking problem by fusing data from RFID tags, odome ters [22] , cameras [23] and ultrasonic sensors [24] . In [25] an extended Kalman filter (EKF) is used to fuse odometry data, measured by two encoders, and data sent from a gyroscope to localize a smart rollator. Although Kalman filters can strongly reduce the estimation uncertainty, both measurement systems used in [25] are dead reckoning. Hence, the total uncertainty accumulates over time. A different approach is followed in [26] , where an automated wheelchair is localized by a camera recognizing landmarks on the ceiling, while two encoders and an azimuth sensor are used when the landmarks are out of view.
A clear conclusion from the discussion of the related work is that a reliable and cost-effective LPS requires the integration of different measurement devices, with complementary char acteristics in terms of cost, accuracy, range, availability and computational requirements. The approach described in the rest of this paper extends and refines the basic idea presented in [27] . Like in other similar solutions, a Kalman filter is used to fuse the data coming from a relative localization system working at a high sampling rate with those collected from an absolute localization system. However, the infrastructure of the absolute system has to be configured so as to minimize its cost, with a little impact on accuracy. In the rest of the paper, at first, in Section II, our specific problem is formalized. Then in Section III the position tracking algorithm is described. Finally, in Section IV the simulation settings are defined and several results are reported and commented.
II. PROBLEM OVERVIEW
The position tracking technique proposed in this paper relies on a multi-sensor data fusion technique based on the data collected from:
• two incremental encoders installed in both rear wheels;
• a triaxial gyroscope located in the central top part of the rollator;
• an RFID reader with a range of some tens of cm placed below the rollator and with the antenna approximately 20 cm above the ground;
• a front camera, particularly a Kinect.
The encoders are used to estimate the relative position and ori entation of the c-Walker smart rollator by using a simple kine matic model. Relative orientation estimation can be improved also by integrating the angular velocity values collected from a high-performance gyroscope (i.e., exhibiting a very small drift). Unfortunately, model-related as well as encoder and gyroscope measurement uncertainty contributions accumulate over time and completely disrupt localization performance af ter some time. Such unbounded uncertainty growth is common to all pure dead-reckoning localization approaches relying on incremental sensors subject to measurement bias and drift [22] , [28] . Therefore, absolute position and orientation data are necessary not only to initialize the system, but also to adjust target location periodically. As far as the position updates are concerned, an RFID reader can be used to detect some low-cost passive tags deployed in the environment at known locations, e.g., stuck on the ground or embedded in the tiles. Short-range RFID tag reading is a quite attractive solution in this context since passive tags are cheap. Also, position measurement uncertainty can be kept smaller than the RFID reading range (i.e., in the order of a few tens of cm).
The front camera is used as a bearing-only sensor, a solution often used in robotics for localization and map construction due to its relatively low computational burden and good accu racy [29] , [30] . In this way, just the orientation estimation error is directly adjusted. Since the system can rely also on a map of the chosen environment and an absolute reference is needed for drift and bias removal, we will assume that the camera is able to detect specified markers inside the environment (e.g., wallpapers, signs, elevators, paintings) whose position inside the map is assumed to be known a priori. As a Kinect device will be used in this project for such duties as object recognition, we do not need to add any additional camera to the system. Kinect is a motion sensing device made by Microsoft based on an RGB camera and a depth sensor which can capture 3D video data in various light conditions. Best performances are achieved at distances between 80 cm and 4 m from the camera with a horizontal field of view of about 60 degrees. The depth sensor is a combination of an infrared laser projector and a CMOS sensor which gives the Kinect the ability of estimating the distance between different objects. The appropriate accuracy of Kinect as well as its low price have made it quite interesting for indoor robot navigation [31] , [32] .
In this paper the depth maps collected by the Kinect are used to estimate the orientation of the c-Walker rollator with respect to known markers. In order to limit the computational and communication bandwidth requirements associated to Kinect image processing, marker detection is not repeated at every frame, but only every few seconds. In this way, the Kinect processes its depth map data and returns rollator orientation (if a marker is detected) at a very low rate, which is expected not to saturate the communication and computational resources available on board of the c-Walker. A more detailed description of the context where the c Walker prototype is supposed to be used is shown in Fig. 1 .
(W) = {Ow, Xw, Yw, Zw} represents a fixed, right-handed world reference frame, where II = Xw x Yw describes the plane of motion, Zw points outwards plane II and, finally, Ow is the origin of the reference frame. With the described choice of (W), the tags can be placed regularly on a grid of plane II (possibly embedding the tags in the floor). Consider that if DR represents the distance between adjacent tags, the number of RFID tags must be kept quite limited and DR should be quite larger than the RFID reading range (which typically is in the order of a few tens of cm), to assure estimation with acceptable error ranges and to avoid simultaneous (ambiguous) readings from multiple tags. Similar considerations hold for the visual markers to be detected by the Kinect: they can be assumed to be placed on the walls at a distance D M from one another, with D M larger than the maximum reading range of the Kinect.
From a kinematic view-point, the rollator consists of two passive front caster wheels and two fixed rear wheels. If d is the wheel axle length, r the radius of the wheels and Wr and Wl are the angular velocities of the right and left wheels, respectively, it follows that Xw is expressed instead by variable e. Therefore, the system describing the motion of the rollator is given by
where s = [x, y, e] T represents the state of the system. The position tracking algorithm proposed in this paper must be able to keep the difference s - § between actual and estimated state within a given interval ±€s with 90% probability. It is worth emphasizing that the proposed localization solution relies on a mixture of event-based and time-based measurement results. Indeed, the RFID tags are detected only when the rollator moves close to them (which depends on trajectory), while the Kinect can detect one of the markers only if it is within the field of view of the camera. Evidently, the larger the values of DR and D M, the lower the average rate of position and orientation adjustments. In order to limit the computational burden associated with marker detection and recognition, markers are not continuously tracked by the camera. In fact, the frame acquisition period can be so low as a few seconds. The data received from different sensing devices are fused by means of an extended Kalman filter (EKF). The behavior of the proposed algorithm is summarized by the block diagram in Fig. 2 . The encoders are used to predict position and orientation. The gyroscope is used to update the orientation in the short-term. The event-based measures from the RFID reader and the Kinect camera are used, when available, to update the estimated state of the system. The problem of selecting the best configuration in a given environment can be tackled using a Monte Carlo approach. At first, the state estimation errors over a large set of random trajectories are computed for different values of DR and D M. Then, the values of DR and DM are chosen so as to make uncertainty smaller than ±€s with a minimum number of tags and markers in the chosen environment.
III. ALGORITHM DESCRIPTION
The sensor data from encoders and gyroscope are collected with a sampling period Ts. Therefore, the continuous time kinematic model (2) can be discretized with period Ts, yield ing to
The integration algorithm adopted to obtain (3) is the Euler forward method and relies on the assumption that the wheel velocities are constant during every sample period. As a consequence, �cI>rk = Tswrk and �cI>lk = TsWlk represent the angular displacements of the right and left wheels, respec tively, during the k-th integration period. Note that (3) can be The output of (4) is simply a linear function of the state, i.e. (6) where the dimension of C k changes in time as a function of the available measurement data coming from the gyroscope, the RFID reader and/or the camera, respectively, and (k is the vector of the corresponding uncertainty contributions at time kTs. In particular, depending on the available measures, the terms of the system output equation can be expressed as follows, i.e.
• in the case of gyroscope only:
O k=e %, C k= Cf, (k= (Z k ; (7) where e % denotes the orientation measured by the gyro scope and (Z k is the corresponding uncertainty;
• in the case of gyroscope + RFlD: (8) where (Xk, Yk) are the coordinates of the detected RFID tag in frame (W) and ( Xk and ( Yk represent the corre sponding position offsets along axes Xw and Yw;
• in the case of gyroscope + camera: (9) where the meaning of e % and (Z k is the same as above, ek is the orientation measured by the Kinect when a marker is detected and (O k is the corresponding measurement uncertainty, and finally
• in the case of gyroscope + RFID + Camera:
Observe that in (7)- (10) C k results from the combination of one or more of the following matrices:
for RFID, for Gyroscope, for Camera,
where 02 is a two-element, all-zero column vector and 12 is the 2 x 2 identity matrix.
IV. EXTENDED KA LMAN FILTER (EKF)
As known, for a given dynamic system the Kalman filter is the optimal minimum mean-square-error (MMSE) state estimator when process and measurement noises are white and gaussian. In this paper, (4) represents a nonlinear system. Therefore, an extended Kalman Filter (EKF) must be used to combine the data collected from encoders, RFID tags, gyro scope and Kinect. In general, an EKF is able to combine the data collected from various sensors by weighing variances and covariances associated with different uncertainty contributions. Since external position and orientation data are not always available and some uncertainty contributions are not stationary, the EKF described in the following can be hardly considered as the optimal state estimator. Nonetheless, it is still the best linear MSE estimator [33] . Potentially, the system model (4) and the related EKF could be extended to include the inputs describing the effect of systematic measurement uncertainty contributions (e.g. gyroscope and encoder offsets). However, in the rest of this paper such terms will be assumed to have been preliminarily estimated and compensated through sensor calibration, as customary in this kind of applications. Thus, the elements of Ek and (k can be supposed to have a negligible mean. The specific problem of dynamic systematic offset estimation using the same EKF will be instead investigated in a future work.
In the following, the right and left wheel encoders will be as sumed to be nominally identical, but affected by uncorrelated noise terms. Due to the superimposition of various random uncertainty contributions (e.g. limited resolution, mechanical vibrations) we can reasonably assume that Er k rv N(O, (J"; k ) and El k rv N(O, a-rJ . Also, the variances a; k and ar k of both encoders change over time, as they depend on the wheels displacement in the time interval between kTs and (k + l) Ts.
As a consequence, the prediction equation of the EKF is given by (12) where Sk denotes the state estimated at time kTs and super script . + stands for prediction [33] . Moreover, by lineariz ing (4) the state prediction covariance matrix results from P: +l = FkPkF[ + C kQk Cf.
where Fk is the Jacobian of (12) 
and Qk is the covariance matrix associated with Ek. Since the encoders noises are weakly correlated in practice, Qk is a 2 x 2 diagonal matrix with a; k and ar k on the main diagonal. The Kalman gain is given by (16) where C k+l is defined in (7)-(10) depending on the set of available measurement data at time kTs, as described in Section III. Similarly, the covariance matrix Dk+l associated to (k +I are defined as follows, i.e.
• Gyroscope only:
• gyroscope + RFlD:
• Gyroscope + RFID + camera: 
Uk+' Uk+l
After the Kalman gain is computed, the estimated system state and the corresponding covariance matrix can be updated using the measurement data record ok+l collected at time (k+ l) Ts, i.e. Sk+l = st+ I + Kk+l (Ok+ l -Ck+ lst +I) , Pk+l = (h -Kk+IC k+l)P: +l . ( 
17)
The position measurement uncertainty associated with RFID tag reading can be modeled by a uniform distribution with a circular symmetry around every tag and with radius equal to the reading range R. This assumption is reasonable if the short-range RFID reader installed on the rollator is quite isotropic. In this case the probability of reading a tag is approximately the same in every point of the circle centered in the tag, regardless of rollator speed or movement direction. On the contrary, the probability of reading a tag when the rollator is farther than R is zero (since the passive tag is off and it cannot be turned on). Under these assumptions, it can be proved that the mean values of the position errors along axes Xw and Yw are zero, while the respective variances are On the other hand, the variance (J�9 of the orientation data measured with the gyroscope is typt�ally non-stationary and monotonically increasing. In fact, it is a function of both angular speed and time because of the dead-reckoning effects. A detailed description of gyroscope measurement uncertainty is out of the scope of this paper. To a first approximation, it is reasonable to assume that (% rv N(O, (J�g), with (Jo g Uk uk k
growing linearly as a function of time in the case of constant motion. This assumption has been verified also experimentally, as shown in Section V-B. The case of the orientation measurements based on the Kinect is instead quite different. In fact, if a marker is within the field of view of the Kinect, the uncertainty affecting the measured angle depends mostly on the relative orientation between the marker and the Kinect sensor, on the distance at which the marker is recognized and on the resolution of the collected image. Since such factors are independent from each other and the orientation measurement data may differ considerably at different distances from a given marker, we can reasonably assume that (O k rv N(O, (J� , ) -It is worth noticing that (J0 k is independent of time. Therefore, the camera-based orientation values can be also used to reset the uncertainty accumulated by the gyroscope, thus improving short-term performance.
V. PERFORMANCE ANALYSIS AND SETUP OPTIMIZATION
As mentioned in the Introduction, the objective of the paper is to evaluate the performance of the proposed technique with different configuration settings in order to find a good trade off between deployment costs and accuracy, while keeping the computational burden due to image processing quite low. To this aim, several multi-parametric simulations have been performed by changing those quantities that most seriously influence system complexity, i.e. DR (which affects the RFID grid granularity and, consequently, the costs of a possible setup) and D M (which has a relevant impact on accuracy, computational load and setup costs). In order to extend significantly the results reported in [27] , multiple random, but realistic trajectories have been generated. The chosen environment is the Department of Information Engineering and Computer Science of the University of Trento, Trento, Italy. The details of the algorithm used to generate the testing trajectories are reported in Section V-A. The sensor parameter values used in simulations have been estimated by following the procedures described in Section V-B. Finally, the results associated with different possible configurations are reported in Section V-c.
A. Trajectory generation
The trajectories used for Monte Carlo simulations are gen erated by a path planning algorithm that can be applied to any map of a real indoor environment. The geometric entities (e.g. walls, partitions, furniture) in the map are described as closed poly lines. An algorithm based on approximate cell decomposition is applied to divide the map into rectangular cells of different sizes [34] . By intersecting these cells with the closed poly lines, every cell can be classified into three possible types: fully occupied, partially occupied or empty. The empty cells represent those areas which are accessible to the rollator. In the map of the Department there are 7006 empty cells. A graph is constructed from these empty cells using the position of the cell centers as nodes of the graph. Two nodes in the graph are connected if the corresponding cells are adjacent. The weights of the edges between two nodes represent the Euclidean distance between the cell centers. The Dijkstra's shortest path algorithm is applied to the graph to find a sequence of cells that connects the initial position of the rollator with the finishing point. Using the coordinates of the center of these cells, a path consisting of line segments linking pairs of subsequent cell centers is constructed. The resulting piecewise linear trajectory provides a good approximation of the path that the c-walker has to follow. In order to provide a smoother transition between segments, a portion of every pair of subsequent segments is replaced by arcs of a circle. Fig. 3 shows three possible rollator trajectories on the map. Symbols IS, 2S and 3S denote the starting positions, whereas IF, 2F and 3F represent the corresponding finishing points. RFID tags and visual markers are highlighted by symbols * and 0, respectively.
B. Sensor characterization
In order to evaluate position tracking accuracy through simulations in realistic conditions, some of the sensors that are expected to be used on the c-Walker rollator have been tested on the field. At first, two E5-series optical incremental encoders have been installed on the rear wheels of a kart emulating the rollator prototype. Several data records have been collected with the kart moving along both straight and circular paths. The distance values read from the encoders have been measured at known positions. The reference points were marked by some stickers put on the floor of our laboratory. Encoders performance is evaluated according to the following procedure:
• In all experiments the differences between the angular displacements measured by both right and left wheel encoders and the corresponding values estimated at every reference point are calculated.
• The obtained error histograms as well as their mean and standard deviation are computed.
• The mean and standard deviation patterns are plotted as a function of the total angular displacements of both wheels.
• Given that the mean errors make the measured distances drift away from the actual values, such systematic con tributions have been compensated through a preliminary calibration.
• Finally, mean and standard deviation have been interpo lated through least-squares linear fitting, as a function of the total angular displacement, as shown in Fig. 4 .
In running the Monte Carlo simulations we have assumed that the encoders are calibrated and that the residual offsets are zero. The standard deviation values are used instead to build Qk in (13) .
A similar approach has been followed to test the per formance of a triaxial gyroscope Invensense IMU3000. In particular, several sets of data have been collected using a custom embedded platform placed on top of the rollator pushed repeatedly over straight and rectangular paths. It is worth reminding that the gyroscope measures angular velocity and not its orientation, which is instead obtained by integrating the angular velocity data in time. The main steps of the testing procedure are listed below.
• In all experiments the differences between measured and actual orientation angles with respect to Xw have been computed at the same time. • The measurement errors have been used to build different histograms related to homogeneous trajectories.
• The mean and the standard deviation patterns of such histograms have been plotted as a function of time.
• As previously discussed for the encoders, the systematic contributions coming from the mean error have been compensated through a preliminary sensor calibration.
• After calibration, 200 Monte Carlo simulations based on the combination of the results of the elementary paths have been performed over different random trajectories to extrapolate a more trustworthy histogram of gyroscope uncertainty as a function of time in multiple scenarios (which could not be easily determined experimentally).
• Both mean values and standard deviations have been estimated through least-squares linear fitting, as shown in Fig. 5 .
Again, in running the Monte Carlo simulations, we have assumed that the gyroscope is calibrated and that the residual offset is zero. The standard deviation values are used instead
The performances of the RFID reader for localization purposes have been analyzed using a high-frequency (HF) ISC.MRI01-USB evaluation kit by Feig Electronics operating at 13.56 MHz. The reader is designed to detect passive tags compliant with Standards ISO 15693 (Vicinity Cards) and ISO IS000-3 (Smart Labels). The main steps of the testing procedure are listed below.
• A tag is placed on the floor and the RFID reader is moved radially towards the tag and backwards in eight directions (i.e. north, north-east, east, south-east, south, south-west, west, north-west), while keeping the antenna parallel to ground.
• The reading range of the device in every direction is estimated by measuring repeatedly the distances at which the tag is detected or stops being detected.
• After checking the ornrnidirectional behavior of the reader, a histogram of the measured range values is built. The resulting mean value of R is used to compute a; k+l and a y 2 , as described in Section IV. k+' Since the algorithm for marker recognition is still under development, the Kinect-based orientation measurement accuracy could not be evaluated on the field. Therefore, it was deduced from information and data available in the literature [35] , [36] .
C. Simulation results
In order to evaluate the performance of the proposed tech nique in different configurations and to find a good trade-off between accuracy and cost, the position tracking algorithm has been applied to 200 different paths generated as described in Section V-A. All the trajectories have a duration of 180 s, but the total traveled distance is different because the average velocity of the user varies from case to case. The sensor parameters used in all the simulations result from the characterization procedures described in Section V-B and are shortly summarized in the following, i.e.
• Encoders and gyroscope sample time: Ts = 4 ms; Then the RMS errors related to the last 60 s of simulation are averaged, because the EKF reaches the steady state after 120 s in all conditions. The points of the surface confirm that the positioning uncertainty tends to grow when either D M or DR increases, as expected. Fig. 7 shows also that the positioning standard uncertainty is below 1 m for DR � 1. with almost 90% probability. Also, the orientation errors are much smaller than in other cases due to quite frequent updates from the Kinect. On the other hand, the configurations in the center of the surface (e.g. when DR = 2.5 m and DM = 12 m) tend to be quite bad in all respects. Indeed, not only the orientation corrections are not frequent enough to keep x and y position errors below 1 m, but they are also quite expensive in terms of number of markers and tags.
VI. CONCLUSIONS
The analysis described in this paper provides essential guidelines for the design of a localization and position tracking system to be implemented on a smart rollator called c-Walker. The target positioning uncertainty should be steadily below 1 m. The results reported in the paper can be summarized as follows:
• Encoders accuracy is essential to achieve good perfor mance. As a rule of thumb, encoder resolution should be at least 0.1 degrees. Also, possible systematic offsets must be properly estimated and compensated (e.g. through a preliminary calibration).
• The proposed technique is able to meet the specified accuracy requirements (to be used also for long-term trajectory planning), even when the distance between the RFID tags embedded in the floor is one order magnitude larger than the antenna reading range. A distance of about 3.5 m between tags looks adequate. This result is very important because it drastically reduces deployment costs and complexity.
• If no platform orientation measures are available, local ization accuracy tends to degrade quite quickly, even if a good gyroscope is used. A front Kinect collecting frames every 2 s and detecting suitable visual markers on the walls at a distance of about 8 m from each other 
(c) can effectively solve this problem, while keeping the computational burden within reasonable limits.
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